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Abstract

This paper presents a simple and effective method to
compute the pixel saliency with full resolution in an im-
age. First, the proposed method creates an image rep-
resentation of four color channels through the modified
computation on the basis of Itti et al.[5]. Then the most
informative channel is automatically identified from the
derived four color channels. Finally, the pixel saliency
is computed through the simple combination of contrast
feature and spatial attention function on the individual
channel. The proposed method is computationally very
simple, but it achieves a very good performance in the
comparison experiments with six other saliency detec-
tion methods. On the challenging database with 1,000
images, it outperforms six other methods in both identi-
Jfying salient pixels and segmenting salient regions.

1. Introduction

Identifying salient regions in images enables a
person to efficiently allocate the limited perceptual
resources[3]. In order to simulate biological vision sys-
tem, many saliency detection models are proposed in
recent years[4][5][6][7][8][10][12]. Most models build
on a second biologically plausible architecture — by con-
verting an image into different feature maps in differ-
ent orientations and different scales, e.g., color, gra-
dient, gabor filter. Within the feature maps, different
spatial locations compete for saliency, and then only
the locations can persist, if they locally stand out from
their surroundings. Finally, according to the feature in-
tegration theory (FIT)[1] which explains human visual
search strategies, the persisting ones from different fea-
ture maps contribute the resulting saliency map.

Many algorithms have been developed to detect
saliency and they can be classified as biologically
based [5], purely computational [7][9], or the combi-
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nation of both [6]. As a biologically based method, Itti
et al. [5] propose a visual attention system inspired by
the behavior and the neuronal architecture of the pri-
mates’ early visual system. Their model calculates the
feature maps based on the muti-scale center-surround
differences for color, orientation, and intensity chan-
nels. The resulting saliency map is obtained by linearly
combining the feature maps. But it has much lower res-
olution than an original image. Ma et al. [7] utilize the
fuzzy growing method to extract attended areas based
on local contrast analysis. Even though it is compu-
tationally efficient, the role for fuzzy growing is not
clear in image saliency detection. Achanta et al. [9]
present a frequency-tuned approach to estimate center-
surround contrast using color and luminance features
to uniformly highlight salient regions. However, their
method fails if an object is not distinct from background
in terms of visual contrast. Liu et al. [6] use a set of
local, regional and global salient object features based
on multi-scale contrast, center-surround histogram and
color spatial distribution to generate saliency maps, and
then a conditional random field is learned to effec-
tively combine these features for salient objects de-
tection. However, their method is extraordinary time-
consuming.

In this paper, we present a new estimation method
of saliency map. Compared with the existing meth-
ods, the proposed method does not exploit many com-
plicated features and only use the contrast and spatial
attention information from the single channel selected
adaptively, so the computation of saliency maps is much
efficient. However, our experiment results on a chal-
lenging database [9] show that it is very effective in the
comparison of six state-of-the-art methods.

2. Saliency detection

It has been widely recognized among researchers
that human visual system (HVS) does not equally pro-



cess all the information available to an observer. Color
contrast has an important effect on detecting saliency
regions in images, and it has been applied in many pre-
vious works. For example, Osberger [11] suggests that
a strong influence occurs when the color of a region is
distinct from its background and some particular colors
(e.g.,red) attract our attention more than others.

2.1 Adaptive choice of informative channel

Neurons at the earliest stage are tuned to simple vi-
sual attributes, such as intensity contrast, gradient ori-
entation, direction and velocity of motion, or stereo
disparity at different spatial scales. Color opponency
may be the most important factor for us to detect the
saliency object in a scene. Retina of humans contains
a large number of photoreceptor cells, and cone cells
among them are sensitive to three different lightwaves
-red (R), green(G), blue (B). Additionally, the color
experiments done by Gelasca et al. [2] show that yellow
also plays an important role in attracting human atten-
tion. In our method, four broadly-tuned color channels
just as [5] are utilized,

R = |R-(G+B)/2| (1
G = |G- (R+B)/2 @)
B |B— (R+G)/2], 3)
Y = [(R+G)/2-|R-G|/2-B|, &

where R, (G, B denote pixel values of RG'B channels
of an image, ]:Z, G, B s Y denote the new color channels
tuned. It should be noted that the computation of the
tuned color channels in our method is different from the
work of Itti et al [S]. Itti did not use the computation
of absolute values. They directly set the negative values
as well as very small positive values (less than 1/10 of
the intensity maximum over an entire image) to zero.
However, in our method, we keep those negative values
with large absolute values, since we think they are also
an important part to attract humans attention. Figure
1 gives an example of computing the four tuned color
channels from a RGB image.

Figure 1. From left to right, original image,
R,G,B,Ychannel image respectively.
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Visual saliency is used to characterize the relative
perceptual importance of an object compared with its
surroundings. Since the biological vision system is al-
ways sensitive to the visual signals with strong con-
trast, we guess that the biological vision system also
has different attention tendency towards the visual in-
formation from different color channels. Correspond-
ingly, the proposed method first chooses a color channel
with the strongest contrast, which can make the follow-
ing saliency computation become much efficient. The
channel contrast is defined as the variance oy, of pixel
intensities I (7, j) of the given channel £, i.e.,

1 ZZ —
ig

O —

where I, denotes the mean of all the pixel values of
the channel k, W and H are the width and height of a
given image respectively. Finally, the channel ¢ with the
largest variance, i.e., ¢ = argmaxy{oy}, is chosen as
the informative channel used to compute the following
saliency map.

2.2 Saliency map generation

On the chosen channel ¢, we consider that the pix-
els with great difference compared with mean I, come
from salient regions, and assume that the pixels with
values close to I, come from background. Thus, the
saliency s(i,7) of a pixel at location (7, j) is charac-
terized by the difference between it and the mean I,
ie., 5(4,5) = |I.(i,j) — I.|. And then the normalized
saliency map s’(i, j) can be further computed by

§(i,§) = 255 x S02d) = Smin

Smax — Smin

(6)

where $,,42 and S,,;, denote the maximum and min-
imum values of the saliency map s(i,j) respectively.
The normalization makes the values of s'(7,j) have a
unified range from O to 255 for different images, which
is convenient for threshold selection.

Generally when an observer watches an image, he
has a general tendency to stare at the central location
without eye movements, referred as central effect. Here
we define a spatial attention function f(4, ) to reflect
the spatial attention tendency of human eyes, i.e.,

1
T+ d(i,J)/L

fi,5) = (7
where d(i, j) denotes the distance between pixel at lo-
cation (7, j) and the center of a given image, and L is
the half length of the diagonal of the saliency image.

Apparently, f(i,j) € [3,1], so our definition of spatial



attention function makes the decay of spatial attention
reasonable, since it does not deny the possibility for the
pixels locating at the boundary of an image to obtain at-
tention. The final saliency map in the proposed method
is evaluated by

S(i, j) = §'(i,5) x f(i, ) ®)

3. Experimental results

We evaluate the performance of the proposed method
on the challenging database provided by Achanta et
al. [9]. The database consists of 1,000 images contain-
ing different objects and scenes. We compare our ap-
proach (SE) with six state-of-the-art saliency detection
methods, including IT [5], MZ [7], GB [4], SR [12],
CA [10], AC [8]. Two groups of experiments are in-
volved in our evaluation.

First, we compare the performances of seven ap-
proaches in the aspect of identifying salient pixels using
fixed thresholds. Given a saliency map and a threshold
T, a binary segmentation results can be obtained, and

then precision P and recall () can be computed by P =

identi fiedNgroundtruth Q __identifiedNgroundtruth
identified ’ - groundtruth .

Through continuously changing the threshold 7" from

0 to 255, we can obtain the precision vs. recall curves
of seven approaches, as shown in Figure 2. The exper-
imental results show that the precision of the proposed
method outperforms other methods when the recall is
under 75% or so. Since the high recall is always asso-
ciated with a very low threshold, it should not be paid
too much attention to if the corresponding precision is
unacceptably low.

1 T T T T T T T

Precision

Figure 2. Comparison of the proposed
method vs. six other methods through
precision-recall curves.
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Figure 3. Performance comparison of the
proposed method vs. six other methods
in segmenting salient objects.

In the second group of experiments, we compare the
performances of seven approaches in the aspect of seg-
menting salient regions using adaptive thresholds. For a
given image, the mean-shift segmentation algorithm is
exploited to partition the image into a set of regions in
the Lab color space. For each region z;,7 = 1,2,...,
the average saliency S(z;) of all the pixels in region z;
is evaluated. The adaptive threshold used in the experi-
ments is the same as Achanta et al. [9], i.e.,

W-1H-1

2 -
i > S,9),

i=0 j=0

T, i

€))

where W and H are the width and height of the saliency
map respectively. If S(z;) > T, all the pixels in region
z; are labeled as salient pixels. Figure 5 gives an ex-
ample of the comparison of segmentation results based
on saliency maps generated by different methods. Be-
sides precision P, recall (), F-measure is also used to
evaluate the performance of various methods, which is

defined as

(1+5°)PQ
FP+Q
We choose 32 = 0.3 in our experiment to emphasize
precision more. The corresponding experimental results
are summarized in Figure 3. The comparison results

show that the proposed method outperforms other six
state-of-the-art methods.

Fg = (10)

4. Conclusion

This paper presents a simple and effective method
to compute the pixel saliency in an image. Although
only the information from a single color channel is ex-
ploited, and the simple combination of contrast feature
and spatial attention function is used to estimate the
saliency map, the experimental results are surprisingly
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Figure 4. Comparison of the proposed method vs. six other methods through saliency maps.
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Figure 5. Mean-shift segmentation results for different saliency detection methods.

good and the performance of the proposed method even
outperforms six state-of-the-art methods in our prelim-
inary evaluation experiments. The effectiveness build-
ing on the high computation efficiency makes the pro-
posed method be used in more applications. Like most
saliency detection methods, the proposed method may
also fail if salient regions are not distinct from back-
ground in terms of visual contrast.
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